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Abstract 19 
Background: This study proposes a method for inferring the premorbid glenoid shape and 20 
orientation to inform restorative surgery. 21 
Methods: We developed a statistical shape model (SSM) from 64 healthy scapulae. The premorbid 22 
glenoid shape was predicted from the surrounding scapular body using a SSM-based 23 
reconstruction method. First, the method was validated on 64 healthy scapulae by quantifying the 24 
accuracy of the predicted surface in terms of surface distance, as well as glenoid version and 25 
inclination. The SSM-based reconstruction was then applied to 30 scapulae with OA glenoids. 26 
Glenoid version and inclination were measured fully automatically and compared between the 27 
original OA glenoids, SSM-based glenoid reconstructions, and healthy scapulae. 28 
Results: Validation on healthy scapulae showed a root mean square surface distance between 29 
original and predicted glenoid cavities of 1.0mm±0.2mm. The prediction error was 2.1°±1.6° for 30 
glenoid version and 2.1°±1.8° for inclination. Differences between original and predicted glenoid 31 
measurements were not statistically significant (p≥0.42). When applied to OA dataset, SSM-based 32 
reconstruction restored the glenoid version and inclination to values similar to the healthy 33 
situation. No differences were observed between SSM-based reconstructed glenoids and healthy 34 
scapulae (p≥0.44), while reconstructed glenoids significantly differed from original scapulae with 35 
OA glenoids (p≤0.03). 36 
Conclusion: The proposed local SSM can accurately predict the premorbid glenoid cavity of 37 
healthy scapulae from anatomic features regarded as unaffected by degeneration. This technique 38 
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has the potential to reconstruct the premorbid glenoid cavity as it was prior to OA, and thus guide 39 
the orientation of glenoid implants in total shoulder arthroplasty. 40 
Level of evidence: Basic Science Study; Computer Modeling 41 
Keywords: Glenoid, Total Shoulder Arthroplasty, Computed Tomography, 3D Reconstruction, 42 
Statistical Shape Model, Version, Inclination 43 
  44 
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Introduction 45 
Patients suffering from shoulder osteoarthritis (OA) may exhibit severe wear of their glenohumeral 46 
joint9 and various deformity patterns of the glenoid cavity1,10,17. When nonsurgical treatments fail, 47 
shoulder arthroplasty can be performed to replace the degenerated glenohumeral joint by 48 
prostheses. Accurate positioning of the glenoid component is crucial for the long-term success of 49 
total shoulder arthroplasty15 as incorrect positioning can lead to glenoid implant failure and/or 50 
glenohumeral subluxation and/or dislocation5,7. When glenohumeral OA is unilateral, the patient-51 
specific orientation of the glenoid implant might be determined based on the healthy contralateral 52 
shoulder. However, glenohumeral OA is often bilateral so that the original orientation, size, and 53 
shape of the glenoid cavity is usually unknown at the time of surgery. 54 
Different techniques have been proposed to correct pathologic glenoid version due to OA6,25. One 55 
of these approaches relied on positioning a three-dimensional reference model of the glenoid vault 56 
on the endosteal surface of the pathologic bone25. More recently, this method has been compared 57 
to predictions of the glenoid orientation based on landmarks located on the body of the scapula. A 58 
linear relation was found between the anterior glenoid wall angle – defined by these landmarks – 59 
and the glenoid version of healthy scapulae6. These previous studies indicate that a correlation 60 
exists between healthy glenoid anatomy and the morphology of structures unaffected by OA, 61 
which may allow predicting healthy glenoid version. However, such correlation alone provides no 62 
information about the glenoid’s three-dimensional shape or orientation. 63 
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Statistical shape modeling (SSM) is a method that identifies the average and principal variations 64 
of shape within a training population. One strength of this method is its ability to extrapolate a 65 
complete anatomic surface representation from a sparse set of spatial positions. For example, SSM 66 
has been used previously to predict the complete shape of the human femur from a sparse set of 67 
landmarks collected on its proximal surface24 or to predict the premorbid shape of the proximal 68 
humerus23. Recently, SSM has also been proposed for the reconstruction of glenoid bone defects22. 69 
While the authors showed that this approach accurately reconstructs the shape of healthy scapulae, 70 
they did not evaluate the performance of this method on scapulae affected by OA. 71 
Similar to this recent study22, we have developed an SSM-based approach for reconstructing the 72 
“healthy” surface of glenoid cavities affected by OA. Instead an SSM of the entire scapula, we 73 
propose using a local SSM, centered around the glenoid bone. Our first objective was to quantify 74 
the accuracy of SSM-based predictions on a population with no signs of scapula deformation by 75 
comparing the glenoid cavity predicted by the SSM to the actual three-dimensional glenoid 76 
anatomy. The second objective of this work was to evaluate the ability of the SSM model to predict 77 
the premorbid glenoid cavity and its orientation for patients exhibiting different patterns of 78 
glenohumeral OA.  79 
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Materials & Methods 80 
Our study was performed in three main steps. First, a ‘local’ SSM was created from a dataset of 81 
healthy scapulae (i.e. with no signs of pathology on computed tomography (CT)), which was used 82 
to reconstruct glenoid shape based solely on information from the bony regions surrounding it 83 
(Fig. 1). In a second step, the SSM-based prediction method was tested on healthy scapulae for 84 
validation. Finally, the method was used to predict the premorbid shape of scapulae with glenoids 85 
affected by OA. 86 
Statistical Shape Model 87 
A dataset of 64 healthy scapulae (42 men, 22 women, between 17 and 88 years of age, average 88 
age of 59.6 years) was used in this IRB-approved study (protocol 136/15). Consecutive whole-89 
body CT scans (64-detector row CT system) of polytrauma patients were retrospectively reviewed 90 
by an experienced musculoskeletal radiologist. Patients with CT signs of glenohumeral OA, 91 
glenoid dysplasia, scapular fracture, previous shoulder surgery, motion or any other CT artifacts, 92 
and incomplete coverage of the scapulae were excluded. CT images of these scapulae were 93 
subsequently segmented manually, and models of their 3D shape were generated as surface 94 
meshes. Models of left scapulae were mirrored to resemble the configuration of right scapulae. 95 
The positions of all corresponding anatomic landmarks were established automatically for all the 96 
bones in the dataset18,19. With this information, the average healthy scapula shape and its modes 97 
of variations could be computed14, defining the SSM and describing how anatomic landmarks 98 
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move together when the shape of the scapula changes (Fig. 2). This study used a ‘local’ SSM that 99 
did not include the entire scapula, but only the region of the glenoid as shown in Figure 1. 100 
Validation on Healthy Scapulae 101 
The shape of the healthy glenoid was reconstructed by fitting the SSM to the scapula region 102 
surrounding the glenoid on the target shape (Fig. 1). The fitting was performed by adjusting the 103 
contribution of each mode of variation of the SSM until the predicted shape best matched the shape 104 
of the target bone in the region for fitting (Fig. 1, red surface). The SSM describes how the 105 
proportions of different parts of the shape are linked. Therefore, the parameter set that optimally 106 
fits the bone surrounding the glenoid also simultaneously provides a prediction of the glenoid 107 
cavity. Since the SSM was built from healthy scapulae, the predicted glenoid cavity has the 108 
characteristics of a healthy or premorbid glenoid. Thus, this approach provides an approximation 109 
of healthy glenoid shape for the particular scapula used as fitting target. 110 
The SSM creation and prediction process was repeated for each of the 64 scapulae in a leave-one-111 
out analysis. In each repetition, one scapula was selected and the SSM was built from the remaining 112 
63 scapulae. This SSM was then used to predict the overall surface of the scapula that had been 113 
“left out” from the SSM creation process (Fig. 1). 114 
A semi-automated CT measurement method was adapted and fully automatized to quantify glenoid 115 
version, inclination, and medialization in a standardized and reproducible way27. The original 116 
semi-automated method uses 11 bony landmarks that are placed manually on the non-eroded 117 
Glenoid prediction using statistical shape modeling 
8 
 
scapula to define a coordinate system in relation to which glenoid characteristics can be quantified. 118 
Our fully automatized approach leverages the SSM to transfer the positions of these landmarks 119 
automatically from the surface model of a single scapula to the surface models of all individual 120 
scapula21. As the resulting landmark positioning tends to be slightly inaccurate in practice, the 121 
positions of the landmarks were automatically corrected based on the local curvature of the 122 
scapula, following the same criteria as for manual landmark placement.27 The resulting scapula 123 
coordinate system was then used to quantify glenoid version, inclination, and medialization. 124 
Accuracy of predictions was evaluated in each repetition of the leave-one-out analysis. The quality 125 
of shape prediction was quantified using the distance between the reconstructed glenoid cavity and 126 
the surface of the bone obtained from its segmentation. We report the root mean square (RMS) 127 
distance error for the glenoid cavity and the entire predicted shape, which includes the bony regions 128 
used for the fitting process. The difference between measurements of the original and 129 
reconstructed glenoids was evaluated using Bland-Altman plots. Statistical significance (p<0.05) 130 
was checked with paired Student’s t-tests. Average cohort results were reported as mean ± standard 131 
deviation of absolute (unsigned) difference between original and reconstructed measures. 132 
Premorbid Shape of OA Glenoids 133 
Preoperative nonarthrographic shoulder CT scans of 30 patients who underwent anatomic total 134 
shoulder arthroplasty for primary glenohumeral OA were randomly selected from our institutional 135 
database (18 men, 12 women, between 54 and 88 years of age, average age of 71 years). Patterns 136 
of glenoid OA were classified according to the updated Walch grading system1 by the same 137 
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musculoskeletal radiologist, in consensus with an experienced shoulder surgeon (Table I). The 138 
scapulae were manually segmented, and models of their 3D shape were generated as surface 139 
meshes. 140 
Prediction of the premorbid shape followed the same procedure as for the validation study on 141 
healthy scapulae. Glenoid version, inclination, and medialization were quantified by the fully 142 
automatized measurement method described previously. Differences in these measurements 143 
between the original scapulae with OA and the reconstructed premorbid shapes were statistically 144 
evaluated using paired Student’s t-tests; differences to healthy glenoids were assessed using two 145 
sample Student’s t-tests. The significance level set was at p<0.05.  146 
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Results 147 
Statistical Shape Model 148 
The SSM was built from all healthy scapulae of the training dataset. The first 3 modes of variation 149 
represented more than 60% of the overall shape variability across subjects (Fig. 2), while less than 150 
20 modes of the SSM explained about 95% of shape variability. Although the modes of variation 151 
do not have direct morphologic interpretation, the first few modes of the scapula SSM displayed 152 
characteristic features: the first mode of variation was associated with a change in size, the second 153 
mode predominantly reflected a change in angle between the acromion and the coracoid, while the 154 
third mode was related to variations in glenoid inclination (Fig. 2). 155 
Validation on Healthy Scapulae 156 
The leave-one-out analysis for evaluating glenoid reconstruction accuracy showed that the SSM 157 
accurately reproduces the surface of the glenoid region (Fig. 3). On average, the RMS 158 
reconstruction error was slightly above 0.5mm on the bone surface used for fitting 159 
(0.6mm±0.1mm). The reconstruction error was larger for the predicted glenoid cavity, yet its 160 
average error remained at 1mm (1.0mm±0.2mm). Figure 3 shows the spatial distribution of surface 161 
distance between original and SSM-based reconstructed glenoids. Surface distance of the subjects 162 
with the smallest (Fig. 3b) and largest (Fig. 3c) reconstruction error on the glenoid cavity were 163 
compared to the average surface distance across all samples (Fig. 3a). Surface distance remained 164 
below 1mm on most of the reconstructed surface, yet could reach up to approximately 3.5mm on 165 
the superior aspect of the glenoid rim in the worst fitting sample. 166 
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Heathy scapulae included in this study had a glenoid version of 8.1°±5.2°, inclination of 8.6°±5.3°, 167 
and medialization of 19.2mm±1.8 mm.   The average absolute difference between AAM-based 168 
reconstructed and the healthy reference glenoids was 2.1°±1.6° for glenoid version, 2.1°±1.8° for 169 
inclination, and 0.7mm±0.5mm for medialization, with 95% confidence intervals between -5.2° 170 
and 5.3° for glenoid version, -5.5° and 5.4° for inclination, and -1.7 mm and 1.8 mm for 171 
medialization (Fig. 4). The prediction error was almost independent of the magnitude of the 172 
respective measurements. No significant differences were found between the glenoid version 173 
(p=0.93), inclination (p=0.97), and medialization (p=0.42) of the SSM-based reconstructed and 174 
healthy reference glenoids. 175 
Premorbid Shape of OA Glenoids 176 
The shape of the premorbid glenoid was reconstructed for each of the 30 OA samples. Overall, the 177 
SSM-based reconstruction restored glenoid orientation with values of version and inclination close 178 
to the healthy situation (Fig. 5). Statistical analysis revealed no difference between SSM-based 179 
reconstructed glenoid version and the healthy situation (p=0.97), whereas the version of the 180 
original OA glenoids was significantly different from the version of the SSM-based reconstructed 181 
glenoids (p<0.01) and of the healthy situation (p<0.01). Similar results were obtained for the 182 
glenoid inclination, where no difference was observed between SSM-based reconstructed and 183 
healthy configurations (p=0.44), while the inclination of the original OA glenoids was significantly 184 
different from both the SSM-based reconstructed (p=0.03) and healthy (p=0.02) scapulae (Fig. 5). 185 
On the other hand, medialization was not significantly influenced by the SSM-based 186 
reconstruction. 187 
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Our OA dataset included samples of six different Walch classes (Table I). The model was able to 188 
correct the posterior version for the B3, B2, and A2 OA glenoid types, with the largest correction 189 
for B3 and lowest for A2 glenoids. On the other hand, the correction for the A1 and B1 glenoid 190 
types was close to zero. SSM-based reconstruction increased the inclination for all Walch classes, 191 
except for type D where a decrease of approximately 4° was measured. Again, the medialization 192 
was not affected by the reconstruction and remained constant. 193 
194 
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Discussion 195 
Optimal glenoid implant positioning is challenging for patients suffering from glenohumeral OA 196 
with substantial wear of the glenoid cavity. This study shows that an approach based on SSM 197 
provides an accurate prediction of the entire three-dimensional surface of the healthy glenoid and 198 
is able to reconstruct the premorbid glenoid orientation of pathologic scapulae. 199 
Validation of the SSM-based technique on healthy scapulae indicates that the premorbid shape can 200 
be reconstructed with millimeter accuracy. Our results (1.0mm RMS error) are similar to the data 201 
recently reported by Plessers et al.22 using a SSM of the entire scapula shape (1.2mm RMS error). 202 
Since clinical shoulder CT scans have a spatial resolution of the same magnitude, this level of 203 
prediction accuracy is comparable with the accuracy by which a glenoid could be reconstructed in 204 
3D from an actual CT dataset. The validation on healthy cases also showed that the glenoid version 205 
can be predicted with an error around 2°, which is comparable to the results obtained by Plessers 206 
et al.22 using a SSM of the scapula (2.9°), but smaller than the prediction error of  the glenoid vault 207 
model proposed by Scalise et al.25 (3.7°) and the anterior glenoid wall angle model developed by 208 
Ganapathi et al.6 (3.2°). Overall, the precision by which the SSM model reproduced the healthy 209 
glenoid orientation is of the same magnitude as the precision of glenoid implant positioning using 210 
patient-specific guides, which has been reported between 1.8° and 4.3° for version and between 211 
1.2° and 3.1° for inclination4,8,11,12. 212 
Clinical applicability of the SSM-based glenoid reconstruction approach was demonstrated on 213 
scapulae with various OA glenoid patterns. Prediction results of glenoid version and inclination 214 
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followed the clinical intuition for each Walch class, applying a larger correction on the version 215 
where the wear was larger and leaving the version unchanged otherwise. Statistically, predicted 216 
glenoid version and inclination were compatible with characteristics of a healthy scapula dataset, 217 
but significantly different from the original OA shapes.  This evaluation on scapulae with OA 218 
glenoids demonstrates that the proposed reconstruction process restores glenoid orientation.  219 
Validation of the prediction accuracy on individual scapulae remains challenging as it requires 220 
knowledge of the shape of the scapula prior to degradation by OA. Cases of unilateral 221 
glenohumeral OA deformation provide a route for validating such studies; however, these are 222 
relatively rare and difficult to obtain from routine CT data. Furthermore, it remains unclear if the 223 
non-OA side is truly normal and if these patients had symmetric scapulae before pathologic 224 
deformation26. Therefore, a longitudinal dataset of shoulder CT scans would be needed, which 225 
follows patients from the premorbid state to fully developed glenohumeral OA, eventually 226 
requiring shoulder arthroplasty. Despite the difficulties to fully validate the proposed procedure 227 
for reconstructing OA glenoids in individual patients, SSM-based prediction of shoulder anatomy 228 
could also be used in various other clinical settings. For example, in cases of bony Bankart 229 
fractures, the method could support the surgical decision-making process by pre-surgical 230 
reconstruction of the premorbid glenoid position and orientation. 231 
The measurement of glenoid version is traditionally based on a 2D approach using a specific axial 232 
CT slice. This approach has been shown to be inaccurate as it depends on the position of the 233 
scapula – and thus of the patient – as visualized on the CT slice, and does not account for bone 234 
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erosions outside of the axial CT plane2,3,9,20. Several methods have been developed to take into 235 
account the three-dimensional nature of the scapula anatomy6,13,16, yet their implementation in 236 
clinical practice remains challenging and they are limited to a few anatomic measurements. On the 237 
other hand, the SSM-based approach proposed here, not only predicts these clinical measurements, 238 
but also the entire shape of the original glenoid cavity. Since the error of the surface reconstruction 239 
is small, we believe that glenoid implant positioning based on the complete 3D shape will be more 240 
robust and thus represents a better predictor for preoperative planning. 241 
A preliminary analysis had shown that the prediction of the glenoid cavity was more accurate when 242 
the SSM only included the glenoid, parts of the acromion and coracoid, instead of the entire 243 
scapula. An additional advantage of this approach is that the tips of the acromion and coracoid can 244 
be excluded from the model. These regions are difficult to segment from CT images and not always 245 
fully included in the original CT field of view for radiation protection reasons. By excluding these 246 
regions, we obtained improved prediction accuracy of healthy scapulae, while removing error-247 
prone surface information from the fitting process. 248 
This study has limitations. First, the number of samples in each Walch class does not permit 249 
conclusions about statistical significance by subgroup. However, the orientation correction 250 
observed for each Walch class agrees with clinical intuition. Moreover, this technique allowed 251 
restoring average version and inclination of glenoids affected by a representative range of OA-252 
induced deformations to values characteristic for the healthy population. A further limitation 253 
concerns the size of the glenoid region that is expected to be affected by OA and therefore excluded 254 
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from the fitting process (Fig. 1). We assumed that the osteoarthritic deformation was limited to the 255 
area in close proximity to the glenoid cavity, but OA might affect other regions and extend to the 256 
acromion and coracoid. Our results indicate that the proposed approach is suitable for correcting 257 
OA-induced glenoid deformations, yet for future clinical application, SSM-based predictions 258 
should be further evaluated. 259 
Conclusions 260 
This study shows that it is possible to rely on a local SSM to predict the three-dimensional shape 261 
of the glenoid cavity with an average surface reconstruction error of 1 mm, and the glenoid 262 
orientation with a precision of approximately 2°. Moreover, glenoid version and inclination 263 
reconstructed from OA datasets are statistically comparable with healthy scapulae. This approach 264 
provides a quantitative method to help clinicians in preoperatively determining the glenoid implant 265 
orientation in patients with glenohumeral OA.  266 
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Tables & Figures 374 
Table I – Effect of SSM-based prediction on OA glenoids. Predicted correction of glenoid 375 
version, inclination and medialization for the 30 scapulae with OA glenoids. The amount of 376 
correction was calculated separately for each Walch classification. Results are reported as mean ± 377 
standard deviation where applicable. Positive (negative) signs corresponds to increase (decrease) 378 
of the respective measure in the present OA shape relative to the SSM-based reconstructed 379 
premorbid shape. For example, a negative change in version means that the SSM-based prediction 380 
corrects the posterior OA wear to a more neutral orientation.  381 
 N ∆ version (°) 
∆ inclination 
(°) 
∆ medialization 
(mm) 
A1 7 1.4±2.9 2.9±5.0 -0.2±1.3 
A2 5 -6.3±8.5 2.8±4.1 0.6±1.4 
B1 5 0.7±1.8 1.0±2.6 0.1±0.7 
B2 11 -8.1±4.6 1.0±4.5 -0.8±0.9 
B3 1 -22.6 4.5 0.3 
D 1 8.9 -3.9 1.0 
 382 
  383 
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 384 
Figure 1 – SSM-based prediction of premorbid glenoid surface: A SSM was built from a 385 
population of healthy glenoid surface models. The predicted premorbid glenoid cavity of a specific 386 
scapula was obtained by fitting the SSM to the bony region surrounding the glenoid cavity (red 387 
area). Based on local fitting, the SSM provided the shape of the healthy glenoid (green area). The 388 
performance of the prediction approach was evaluated on healthy scapulae following a leave-one-389 
out strategy.  390 
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 391 
Figure 2 – Statistical shape model of healthy scapulae: The three major modes of variation of 392 
the SSM constructed from all the training data are represented. These modes account for 393 
approximately 40%, 13%, and 9% of the overall variability across subjects, respectively.  394 
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 395 
Figure 3 – Surface reconstruction error on healthy scapulae: Pointwise average surface 396 
distances between original and reconstructed shapes of the glenoid region. The extent of the 397 
surface model was chosen to minimize glenoid reconstruction error. Figure (A) shows the average 398 
surface distance across subjects on the mean shape of the healthy scapulae dataset. Figures (B) and 399 
(C) show shape and surface distance for the best and worst fitting scapula, respectively.  400 
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 401 
Figure 4 – Glenoid reconstruction error on healthy scapulae: Bland-Altman representations 402 
of differences between original and reconstructed glenoid characteristics. Subfigures (A), (B), 403 
and (C) show the reconstruction errors between original and predicted glenoid version, inclination, 404 
and medialization. The x-axis (y-axis) refers to the average (difference) between original and 405 
predicted value of each measurement. Mean and 95% limits of agreement of the differences 406 
between original and predicted measurements are indicated by dashed red and dotted blue lines, 407 
respectively.  408 
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 409 
Figure 5 – Comparison of glenoid version, inclination and medialization between OA 410 
glenoids, the SSM-based reconstructions and the healthy population. Statistically significant 411 
differences between groups are indicated by star markers, where ** corresponds to p < 0.01, * to 412 
p<0.05 and no marker to p>0.05. Comparisons between groups ‘OA’ and ‘pre-morbid 413 
reconstructed’ are based on paired Student’s t-test; comparisons with ‘healthy’ on unpaied two 414 
sample Student’s t test. The red markers indicate the mean of each group. 415 
